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1 INTRODUCTION

Many of the methods used in hyperspectral data classification are based on the linear
regression between the Reference Endmember (RE) and the Image Spectrum (IS) as is the case
in the Tricorder and Spectral Feature Fitting (SFF) methods. This linear regression can be done
in two ways:

a) REtolISregression (RE=IS)

RE =a+blS Equation 1

b) ISto RE regression (IS =RE)

IS=a+bRE Equation 2

The degree of adjustment between those spectra is obtained using the correlation
coefficient (R) or by using the total Root-Mean-Square error (RMS). Both ways of regression
present the same values of correlation coefficient and different values of RMS.

2 RE= ISREGRESSION CHARACTERISTICS

The combined use of RMS and R is widely practiced in statistical analysis and presents
some advantages in spectral analysis. Images of RMS and R are obtained using RE= IS
regression, where the dependent variable is always a constant datum, described by a function.

For example, the correlation coefficient and RMS were calculated between a reference
spectrum of kaolinite and a hyperspectral image from the AVIRIS sensor for the Niquelandia
area, in Brazil. The Spectral Correlation Mapper (SCM) index based on Pearson’ s correlation
was also used (Carvalho et al., 2000).

Scatterplots of bands RMSge —is X R and RMSge ;s X SCM describe a parabolic
function. The parabola’ s vertex presents a null value to the correlation coefficient and the highest
vaue of RMSge_,s (Fig. 1). A spectra series along the generated curve alows for the
accompaniment of sign degradation according to RMSge —,;s and SCM values (Fig. 2). The
absorption feature of kaolinite is more evident at point 1, which presents the highest value of
correlation coefficient and a minor RMSge —,;s value. Sign degradation increases towards the
parabola s vertex (point 5). The points 6 and 7 represent the spectra of negative correlation.

The definition of the main points along the curve allows for image classification. Figure 3
shows the image split into three areas: @) areas of negative correlation (white), b) areas with low



correlation and high values of RMSge -, s (gray) and c) areas with correlation above 80% and
low values of RM Sge s (black).
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Figure 1 — Scatterplots 8) RMSge ;s X R and b) RMSge ;s X SCM for the kaolinite feature.
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Figure 2 — Behavior of kaolinite’s features in Scatterplot of images RM Sge —;s X SCM.
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Figure 3 — Classification image through the scatterplot of SCM x RMSge _;s.

3 IS = RE REGRESSION CHARACTERISTICS

The IS= RE regression does not establish a function between RMS;s_re and the R
images. Those images show an intense visual difference. The RM S s—re image for the kaolinite
feature has a histogram where the highest frequency of data is located in the lowest values; the
opposite of the RMSge -, |s image where the peak of frequency is located with highest values
(Fig. 4).
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Figure 4 —Imagesof RMSs —, rg and RM Sge —, | sfor the kaolinite feature.

The RMS ge - |s enables kaolinite's areas to be better enhanced than the RMSis_, gre,
found by spectra extraction. The scatterplot presents differentiated behavior between the two
RMS types (Fig. 5). Notice the reverse of RMSs _, re in relation to RMSge —, ;s values.



The scatterplot of images RMS s —, re and SCM presents a strong variation of SCM for
the same values of RMS;s —, re (Fig. 6). In the spectral curves of Fig. 6, the same results of RMS
Is — re present different spectral curves according to the SCM values.
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Figure 6 — Behavior analysis of kaolinite features through scatterplot of images of RM Sgg —, 15 x SCM
and a spectra’s series. The left side series are without the spectrum of point 1,
allowing for the distinction of other spectra.



4 RE=ISREGRESSION CHARACTERISTICSWITH CONTINUUM-REMOVED DATA

The continuum-removed data process is an important procedure to spectral feature
detection. The RE= IS and IS = RE regressions used on the continuum-removed spectrum also
present equal correlation coefficient values as well as different RM S val ues.

The Tricorder program calculates the correlation coefficient-R of a continuum-removed
spectrum. The scatterplot of RMSge — ;s and R describes a parabolic function, as it was
described to spectra without the continuum removed. (Figs. 7 and 8).

The utilization of SCM, instead of R, alows the detection of areas with negative
correlation (Fig. 9). However, it occurs a decrease of negative correlation values with the use of
continuum-removed data.
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Figure 7 — Images of RM Sge _, |s With its respective histogram.
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Figure 8. Scatterplot of images RMSge - |5 Figure 9. Scatterplot of images RMSge - |5

and R. and SCM.



Analogous to spectra analysis without the removal of the continuum, the scatterplot of
SCM and RMSge -, |s presents a curve that permits the following of signal degradation. This
procedure enables the determination of the point where the interested feature is no longer
observed. Figure 10 presents a spectra sequence along the parabolic curve, where the kaolinite
feature identification decreases since 1 to 7. The signal begins to lose its features after point 3. In
spite of enhancements of the feature of interest, the continuum removal can either enhance noise
features from mixtures or interferences. To facilitate the analysis, another spectra sequence can
be used without the continuum for the same points selected in the curve.

Demarcation of principal modification locations of spectrum behavior within the curve
from established points permits the classification of the image. Figure 11 presents a classification
of the kaolinite image according to three classes. The area with the mineral appears dark blue
and contains high values of SCM and low values of RMSge —, |s.
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Figure 10 — Scatterplot of images RMSge _, ;s and SCM  with removal of continuum on the left side and
without removal of continuum on the right side.
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Figure 11 — Segmentation of the image from afunction analysis established between RMSze _, ;sand SCM.



5 IS= RE REGRESSION CHARACTERISTICSWITH CONTINUUM REMOVAL

The scatterplot of RMSs_re and R exhibits differentiated behavior between the two
parameters (fig.12). As seen in the image without continuum removal, the kaolinite's feature is
more coherent with R than RMSis_re. The example in Fig. 13 serves to illustrate this point.
According to the RMS s _, re analysis; point 5 is considered equal to point 1, which are actualy
different considering their spectral curves. Thisrevealsthe RMS,s _ gre limitation.

The Tricorder program uses the coefficient of correlation (R?) while SFF uses RMSis _re.
The scatterplot of these two show an inverse visual similarity while their histograms show the
distribution of distinct data (Fig. 14). Hence, the SFF, in spite of the use of a similar Tricorder
formulation, presents different and inferior results.

N,

L/ !
Q.00 0.590 .00 4 128 2535 Q.00 0.0z 0.05 0 128 255

Figure 12 — Image of correlation - R and RMS;s_re for the kaolinite feature with removal of continuum and
their respective histograms.
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Figure 13 — @) Scatterplot of images R and RMS; s _, ge for the kaolinite feature and a spectrum series. The
series on the left are without the spectrum of point 1, allowing the distinction of other spectra.
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Figure 14 — Scatterplot of SFF x Tricorder images.

6 CONCLUSION

The combined use of RMSge -, ;s and R or SCM allows for an accurate spectral analysis.
The employment of the SCM instead of the R has the advantage of the detection of negative
correlation. When the continuum-removed data is used, negative correlation decreases and
results became closer to SCM and R.

The employment of RMS s _, re presents a different and inferior performance than with
RMSge - 1s. Due to the limitations of RMS |s _, re; the SFF program presents different results
from those obtained by Tricorder.

In order to compare different methods, an applicative onto the ENVI program was
implemented, which permits the R, SCM, RMSs - re and RMSge -, |s calculations to be
performed.
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